Abstract: About 132 thousand cases of melanoma (more severe type of skin cancer) were registered in 2014 according to the World Health Organization. This type of cancer significantly affects the quality of life of individuals. Caffeine has shown potential inhibitory effect against epithelial cancer. In this study, it was proposed to obtain new caffeine-based molecules with potential epithelial anticancer activity. For this, a training set of 21 molecules was used for pharmacophore perception procedures. Multiple linear regression analyses were used to propose mono-, bi-, tri-, and tetra-parametric models applied in the prediction of the activity. The generated pharmacophore was used to select 350 molecules available at the ZINCpharmer server, followed by reduction to 24 molecules, after selection using the Tanimoto index, yielding 10 molecules after final selection by predicted activity values > 1.5229. These ten molecules had better pharmacokinetic properties than the other ones used as reference and within the clinically significant limits. Only two molecules show minor hits of toxicity and were submitted to molecular docking procedures, showing BFE (binding free energy) values lower than the reference values. Statistical analyses indicated strong negative correlations between BFE and pharmacophoric properties (high influence on BFE lowering) and practically null correlation between BFE and BBB. The two most promising molecules can be indicated as candidates for further in vitro and in vivo analyzes.
INTRODUCTION
Cancer is a disease characterized by the abnormal cell growth in an organism; it is also known as malignant neoplasm or malignant tumor. It can be caused by chemical, physical and biological agents and has its origin in genetic alterations of cells. The main effects observed in neoplastic cells are loss of function resulting from the absence of differentiation, uncontrolled proliferation, invasion of adjacent tissues and metastasis [1] [2] [3] .
There are several types of cancer depending on which region of the body is affected. Diagnoses of cancer worldwide show that the most common are lung cancer, with 1.8 million cases, 1.7 million breast of breast cancer and uterine cervix and rectum cancer with 1.4 million. Regarding skin cancer, it is estimated that melanoma alone (the most aggressive of skin tumors) has an incidence ofIn this study, information on the biological receptor Chk1 [7, 8] and data of molecular structures and ICT 50 from 30 molecules, selected from the literature [9] , were used to perform virtual screening (diagram shown in Fig. 1 ) to obtain new caffeine analog molecules with epithelial anticancer activity.
MATERIALS AND METHODS

Data Set Selection
We selected 30 molecules derived from trialkylxanthine with experimental values of biological activity [9] related to the prevention of Epidermal Growth Factor (EGF) in the malignant transformation of epidermal cells of susceptible JB6 rats (P +) C141 (JB6 P +). Activity values were presented as ICT 50 (50% inhibition of cell transformation) against epithelial cancer.
The training set molecules used for the construction of the pharmacophore model were selected in decreasing biological activity sequence (from 0.01 to 0.24 mM), containing the most active, since the activity is a critical factor for the determination of the pharmacophore characteristics and for the validation of the model Multiple Linear Regression (MLR) [11, 12] . Caffeine and xanthine molecules were introduced in the training set, according to the following considerations: (1) introduction of caffeine, here used as the reference/prototype molecule; (2) introduction of xanthine, because it has the active scaffold of the molecules here investigated. A total of 21 molecules comprise of the final training set.
The test set comprised 9 molecules randomly selected, which was here used for external validation of the MLR model. Structures were drawn using the ChemScketch software [13] and saved in the mol format, except caffeine, for which the crystallographic pose was retrieved from the Cambridge Structural Database portal at http://webcsd.ccdc.cam.ac.uk/. Both files were later. converted to mol2 using the Open Babel tool 2.3.2 [14] . The geometries of the molecules were optimized according to the Molecular Mechanics MM+ Force Field, using the HyperChem 7 program [15] .
Pharmacophore Model Perception
The mol2 files of the training set were inserted into the PharmaGist online server [16] to generate the pharmacophoric pattern of caffeine and analogues, with caffeine as pivot (keeped frozen) structure. PharmaGist generates a pharmacophore model based on the overlapping of individual pharmacohoric groups of input ligands (the training set). The method essentially aligns and overlaps the molecules with a pivot (the caffeine molecule) seeking a set of chemical and spatial characteristics that are common to the largest possible number of the input ligands. Assemblies with higher scores and with higher number of aligned ligands are considered better candidates for pharmacophoric models [16, 17] .
Building and Validation of MLR Models
This step is crucial to evaluate the efficiency and predictive ability of MLR models in accurately identifying new active molecules. Pharmacophoric models indicated by PharmaGist were characterized according to their physicochemical and structural properties, such as: Number of atoms (A), general characteristics (GF), Spatial characteristics (SF), Aromatic region (Ar), Hydrophobic region (Hyd), hydrogen bond donor (Don), hydrogen bond receptor (Acc), anion (Neg) and cation (Pos). These characteristics were used to calculate the theoretical pICT 50 values from multiple linear regression of the pharmacophoric characteristics of the molecules of the training set against the experimental pICT 50 values.
Pearson's correlation was used to identify the relationship between the pharmacophoric properties of the 21 molecules in the training set associated with pICT 50 values. The correlation cutoff was 0.3 according to previous studies conducted by Santos et al. (2015) [18] . After identifying the main pharmacological properties associated with biological activity, mono, bi, tri and tetraparametric models were developed.
The experimental ICT 50 values were converted to pICT 50 in order to reduce inconsistencies caused by the statistical steps, with the equation (1): pICT 50 = ̶ log ICT 50 . The pICT 50 values were predicted for the training set, test set and triaged molecules as well, by the application of the MLR models. The MLR analyses are implemented in the Statistica 7 program [19] .
Data of the pharmacophoric characteristics of the test set molecules were obtained from the PharmaGist web server by the same previous way for the training set, except for the indication of a pivot molecule, where it was now selected automatically by the server itself.
Virtual Sorting in ZINCPharmer
The best pharmacophore file obtained in PharmaGist for caffeine and analogues was inserted in the ZINCPharmer web server, available at http://zincpharmer.csb.pitt.edu/ [20] . This tool performs a virtual screening from the ZINC database [20, 21] , a database with approximately 35 million structures of commercially available compounds.
Tanimoto Similarity Search
The structures obtained from ZINCPharmer were selected by Tanimoto's similarity search procedure via the BindingDB web server. Molecules with similarity values greater than 0.6 were selected [22] . For this selection, 12 molecules (xanthine, caffeine and ten most active) compose reference set. Theoretical pICT 50 values were calculated for the molecules obtained from the Tanimonoto test, using the MLR models. Pharmacological data for ZINC molecules were obtained in the same manner as described for both the training set and test set.
Determination of Pharmacokinetic and Toxicological Properties
This step was performed after setting a cut-off point from the pICT 50 values of the five most active molecules of the training set. The resulting molecules were analyzed in the Derek software [23] (Toxicologic properties) and in the online Preadmet tool available at https://preadmet.bmdrc.kr/, This tool was used to determine selected pharmacokinetic properties (Human Intestinal Absorption -HIA, Plasma Protein Binding -PPB and Blood Brain Barrier -BBB) and toxicological (Mutagenicity and Carcinogenicity).
Molecular Docking Study
Selection of a Receptor-Ligand Complex Used in Molecular Docking
The selection of the Chk1 receptor was based on the propositions by Sarkaria et al. (1999) [7] and Lu et al. (2008) [8] (as previously discussed), highlighting the Chk1 receptor as a prominent target for the action of alkylxanthines against epithelial cancer.
The Protein Data Bank (PDB) provides several receptor-ligand complex alternatives for Chk1. However, the structure of this receptor complexed with caffeine is not available in the PDB, which makes it necessary to select the receptor-ligand complex (for further docking) as described below:
Selection of the receptor-ligand complex Chk1 (target protein) was performed taking into account (1) the structural similarity (visual inspection) of the ligands to the xanthine scaffold structure, regarding the presence of the heterocyclic rings; followed by (2) the overlap of the ligands with the caffeine structure, in relation to the overlap similarity values.
For PDB selection, only small ligand structures (characteristic common to the molecules here studied) from target in complex with only one ligand were selected. The structural similarity was accessed in the Discovery Studio 4.0 Client tool [24] . The ligands obtained were analyzed regarding the overlap similarity with caffeine.
Molecular docking of the most promising ZINC molecules
Initially, the receptor Chk1 file (ID: 2WMR, with resolution of 2.43 Å), chosen from the best caffeine overlapping ligand, was obtained from the PDB at http://www.rcsb.org/pdb/home/home.do [25] , complexed with 6-morpholin-4-yl-9H-purine, PDB code ZYU [26] . Docking validation was performed by calculating the binding modes (between ZYU and Chk1) in the Autodock 4.2.6 program [27] , using the standard genetic algorithm parameters, with population size 150, maximum number of Ratings 250000, maximum number of generations 27000 and crossover rate 0.8. The values for the dimensions of the grid box were: X = 25, Y = 30 and Z = 20 and the center location was x = 12.6747, y = -2.0751 and z = 7.9635. Ten solutions were calculated and the poses with lower binding energies were analyzed.
Docking validation is a process wherein a ligand (structure with crystallographic pose experimentally determined) is withdrawn from the structure of a receptor-ligand complex, and reintroduced to the receptor with the docking parameters to be validated. This process is conducted in order to verify that the coupling parameters specified in the input file for the docking method are reasonable and able to recover the structure and interactions of a known complex [27] .
The best molecules obtained from pharmacokinetic and toxicological screening, caffeine and molecule 03 (the last two used as reference) were submitted to molecular docking using the same standard genetic algorithm parameters used in docking validation. The center location and grid box dimensions were also used as spatial orientation of the site of interaction between the ligand and the Chk1 receptor.
RESULTS and DISCUSSIONS
Pharmacophore Generation
The best model was chosen according to the pharmacophore candidate containing the highest score as well as the multiple alignment of the 21 ligands of the training set. PharmaGist generates pharmacological candidate scores based on the alignment of the ligands with the pivot molecule (here treated as reference and keeped rigid). The server algorithm uses values with standard weights for each pharmacophoric characteristic. Initially, the alignment of the pivot + ligand pair is scored by their common characteristics and then the multiple alignment between the best scored pairs is generated. Various multiple alignments are thus scored by the same way [16, 17] .
The quantitative characteristics of the best model are shown in Table 1 , and the qualitative ones are shown in Figure 2 . The model shows six general characteristics (GF), which represent the total pharmacophoric characteristics; six spatial characteristics (SF) related to the conformation of pharmacophoric regions; two aromatic regions (Ar); three hydrogen bond acceptor goups (Acc) and 1 cationic atom (Pos).
The training set consisted of the most active molecules, caffeine and xanthine. The structures and names of the molecules selected for the training set can be seen in Fig. 3 .
The pharmacophoric data, the values of ICT 50 and pICT 50 , and the their best correlations between with the variables of the 21 molecules of the training set are shown in Table 2 . These data describe the individual pharmacophoric characteristics with significant correlations to the experimental activity values.
Properties with absolute correlation values less than 0.3 and greater than -0.3 were excluded. The best correlations were related to the pharmacophoric properties A, GF, SF, Hyd, with positive correlations between them greater than 0.9. The correlation values between the properties and pICT 50 were also significant, all between 0.7 and 0.8. These results are considered of good statistical quality for the selection of more significant characteristics [18, 28] .
Construction of MLR models
MLR models were built with the four best correlated pharmacophoric properties. The evaluation of the best models was carried out from the statistical descriptors of correlation coefficient (R), coefficient of determination (R 2 ), adjusted coefficient of determination (R A 2 ), Standard Error of Estimation (SEE), analysis of variance and T test, which can be seen in Table 3 .
MLR Models and Validation
Data from the best MLR models resulting from combinations of one, two, three and four parameters are in bold. The values of R, R 2 and R A 2 increased with the increase in the number of parameters of the models, the highest values were found in tetra-parametric model and the smaller values in the mono-parametric model. The values of SEE decreased with increasing number of parameters, the tetraparametric model presented the lowest value and the monoparametric the highest.
The values of F decreased with increasing number of parameters. The results of the t-test for the regression coefficients (Table 4) indicate that the parameters A and GF in the tetra and tri-parametric models presented significant values, as well as the GF parameter in the bi and mono-parametric models. The results for R, R 2 , R A 2 , SEE and t-test, lead us to define, even with the low significance shown by the values of F, that the four models highlighted have a good level of statistical significance, being the tetra-parametric model the best classified.
The regression equations for each of the best models (shown in bold, in Table 3 ) are shown in Table 5 .
Internal and external validation of MLR models
The equations proposed in Table 5 were used to predict the activity of the training set molecules (internal validation), the test set (external validation) and the selected molecules. The results for the pICT 50 values calculated for each molecule of the training set from the regression equations are available in Table 6 . 
The results of Table 6 allow us to observe that the models had a good predictability level for the training set molecules, since the error values (Δ -variation of the experimental pICT 50 values), in general, were relatively low for all models. The tetra-parametric model should be emphasized when considering the Δ4 modules, which presented a mean error of 0.1662 and a minimum and maximum interval of 0.0030 to 0.4800, lower results for this series of data among all the models. Fig. 4 shows the correlation between the calculated experimental pICT 50 and calculated pICT 50 for each model. The models presented good correlation indexes, with R values around 0.8. The analysis of Fig. 4 also shows good results of the tetra-parametric model, where it has the highest value of R (0.85872), with an excellent confidence level, against a value of R = 0.80037 of the monoparametric model. Table 7 shows the pharmacophoric data, the ICT 50 and pICT 50 values of the 9 molecules (22 to 30) of the test set. Figure 5 shows the structures of the test set molecules. Data on the pICT 50 calculations for the test set are presented in Table 8 . These calculations were performed from the best MLR models, similar to those performed for the training set.
The results of Table 8 show that the prediction using the models on the test set was satisfactory. The mono and tetra-parametric models showed mean error of 0.2150 and 0.3381, respectively. Fig.  6 shows the correlation between the calculated and experimental pICT 50 values in each model. The four models presented excellent R values, all of them above 0.9,, at the 95% confidence level. The tetra-parametric model can be considered the most reliable of the models, regarding the prediction of pICT 50 values, also due to statistical consistencies observed from the regression data (R, R 2 , R A 2 , SEE e teste t) discussed above. The statistically significant values presented provide confidence to the MLR models and their predictive capacity [29, 30] .
Selection from the ZINC Database
Pharmacophore-based screening performed on ZINCPharmer web server resulted in 350 ZINC molecules. Such tool selects the molecules according to the characteristics of the inserted pharmacophore. One of the main filters of this tool is the root mean square deviation (RMSD) estimation calculated between the characteristics of the input file (pharmacophile model) and the resulting molecules, as well as other filters such as molecular weight and rotational bonds [28] .
Similarity of Tanimoto and Estimation of pICT 50 Values for ZINC Molecules
The pharmacophore data and the pICT 50 values calculated for the ZINC molecules with the best Tanimoto indices can be seen in Table 9 . The BindingDB server was used to select, from the 350 ZINC molecules screened in the previous step, the ones with values of maximum similarity greater than 0.6, which resulted in 24 molecules ( Table 9) .
The bindingDB web server performs similarity search as a function of chemical fingerprints (a kind of set of chemical characteristics treated as chemical fingerprints) that characterize the molecules [31, 32] .
Chemical fingerprints are used in conjunction with Tanimoto's similarity by comparing each selected molecule with each molecule in the reference set and ordering the molecules in function of maximum similarity to any active molecule in the reference set [31] [32] [33] . The closer to 1 the values are, the greater the degree of similarity of the molecules to the molecules indicated as a reference.
The structures of the 24 ZINC molecules sorted out can be seen in Fig. 7. 
Prediction of Pharmacokinetic and Toxicological Properties
At this stage, the selection of the best molecules was based on the best pharmacokinetic and toxicological properties. The higher the values for the human intestinal absorption rate and Plasma Protein Binding, the more efficient the drug is in respect to each of these pharmacokinetic properties. However, for blood-brain barrier, Mutagenicity and Carcinogenicity, low values are desirable.
The predictions of pharmacokinetic and toxicological properties (Table 10) were performed for the molecules selected by Tanimoto's similarity, located within the cut-off point having as reference molecules 3-7 (only molecules with pICT 50 > 1.5229 were selected). The use of the cut-off point resulted in the selection of the 10 most active molecules ( Table 10 ). The caffeine molecule and molecule 03 (most active) from the training set were inserted into Table 10 as reference values.
The prediction of human intestinal absorption (HIA) is measured as a function of the absorption fraction, %HIA, described as the percentage of the dose of the drug administered orally to reach the hepatic portal vein. It is also defined as the rate of total absorbed mass divided by the dose of the drug. This property is used to assess the degree of absorption of a drug, orally administered, by the intestinal epithelium [34] .
Absorption levels below 25% are considered poor and greater than 80% are considered high. The results of HIA were considered excellent since, for all the sorted molecules, HIA values were higher than the two reference values (caffeine = 93.82% and molecule 03 = 88.13%) and close to 100%. These values attribute highgrade intestinal absorption to the ZINC molecules. Plasma protein binding property (PPB) is defined as the percentage of a drug bound to plasma proteins at clinically achieved concentrations of the drug. PPB is important for evaluating the performance of a drug in the bioavailable free fraction distributed across several tissues [35] . Values of PPB above 65% are considered of high clinical significance and lower values are of low significance [36] [37] [38] .
The molecules ZINC08709887 and ZINC08725388 showed higher PPB values (89.15% and 94.19%, respectively), values higher than that of the molecule 03 used as reference. All the triad molecules presented PPB values (range, 50.13% to 94.19%) higher than that of caffeine (14.07%), showing satisfactory results when compared to this reference.
Experimental PPB results for caffeine, available in the literature, show values of 35% [39] , 36% [40] and 40% [41] . These values show an average error of 22.93% in respect to the PPB value of caffeine calculated by Preadmet. The margin of error of 22.93% applied to the chosen molecules theoretically allows the framing of part of this set of molecules between the clinically relevant PPB values (above 65%).
The blood-brain barrier is a specialized structure that has a protective function of the Central Nervous System (CNS). This barrier controls and regulates the homeostasis of the central nervous system through the separation of brain (C brain ) and systemic blood (C blood ). For a drug with biological activity in the CNS, a high penetration value is required. However, for a drug without CNS activity, as herein investigated, low penetration value is required, so that side effects are minimized [35, 42] .
For the ZINC molecules the values of BBB were all lower than the value presented by molecule 03 (<1.60), see Table 10 . According to the literature [43] , BBB values less than 1 (C brain / C blood <1) give the molecule an inactive status in the CNS. This means that only the molecule ZINC08990240 (BBB = 1.09) and molecule 03 (BBB = 1.60) showed penetration into the CNS, which qualifies the majority of ZINC molecules as inactive in the CNS. The results for the pharmacokinetic parameters found for caffeine and ZINC molecules, are consistent with the findings of Liu, Shen, Shi and Cai (2016) [44] , In their study, the authors concluded that caffeine is directly related to the reduction of the risk of malignant melanoma. Through meta-analysis, the authors identified a low relative risk of malignant melanoma related to high consumption of caffeinated coffee, suggesting that caffeine present in caffeinated coffee has a chemopreventive effect against malignant melanoma. Unlike decaffeinated coffee that showed no significant relationship with the risk of malignant melanoma.
The toxicological properties, shown in Table 10 , were predicted by the Ames test (mutagenicity) and carcinogenicity test. The Ames test consists of an assay that aims the mutagenic reversal of bacteria (Salmonella typhimurium) tested for histidine independence. Preadmet simulates tests for strains TA100 and TA1535, which serve to evaluate the mutagenic potential of molecules, ie the ability to generate mutation in an organism. This test simulates an environment in which a post-mitochondrial mouse liver supernatant mixture treated with a mixture of phenobarbital / β-naphthoflavone (s9) may be present or absent [45, 46] . The in silico carcinogenicity test simulates the presence of the drug in the organism of rats and mice, and it is possible to evaluate if the drug has the power to generate tumors [47] . 
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Regarding the results for mutagenicity in Preadmet software, all screened and reference molecules were classified as mutagenic. Even showing mutagenicity, where elimination of molecules for this reason would be premature, studies with rats have shown that a mutagenic molecule when administered in combination with an antimutagenic (chemopreventive) agent may cause suppression of the mutagenic action [48, 49] .
For carcinogenicity in Preadmet softtware, caffeine and the molecule ZINC08992920 showed positive results (noncarcinogenic) in rats and negative (carcinogenic) results in mice. Only the molecule ZINC08706191 presented positive results, both for mouse and rat, which allows to classify it with non-carcinogenic in Preadmet softtware.
Additional data on toxicological parameters for caffeine, molecule 03 and ZINC molecules tested in the Derek program [23] can be seen in Table 11 .
Data of Table 11 indicate that both reference molecules (caffeine and molecule 03) showed teratogenicity, representing the possibility of a substance causing abnormal formation during the gestation period. Only caffeine presented a possibility of chromosome damage, which represents the ability to generate changes in the molecular structure of the chromosome. The Derek software identified the reference scaffold/moety of xanthine present in caffeine and molecule 03 as part of the structure of the molecules responsible for the teratogenic and chromosome damage effects.
None of the ZINC molecules tested showed potential for teratogenic and chromosome damage. These results allow to classify the ZINC molecules as better than the reference molecules in respect to the two toxicological parameters mentioned.
However, nine of the ten ZINC molecules tested showed toxicity to skin sensitization. This effect corresponds to an allergic response after contact of a substance with the skin [50] . This sensitization was attributed by the Derek program to the imine toxicoforic group, being able to occur nucleophilic attack of skin proteins to the carbon atom of the imine group [51] .
Unlike the results presented for tests of mutagenicity and carcinogenicity carried out in Preadmet, all molecules were excluded from the mutagenicity and carcinogenicity alert in the Derek software, no toxicological groups are identified that could indicate such toxicological parameters.
With respect to chromosome damage and mutagenicity, a review on caffeine [52] , showed that chromosome damage data from studies with caffeine were obtained at concentrations of about 6 to 100 times higher than expected for frequent coffee users and with magnitude above the lethal dose of caffeine in humans. Such as most non-mutagenic substances in in vitro tests, they are noncarcinogenic in mammals, it is unlikely that at the usual consumption level caffeine presents any mutagenic and carcinogenic risk. Such dose-effect dependency of caffeine on mutagenicity was also evidenced in a study on the mutagenic action of caffeine in higher organisms [53] . It is possible to infer from these studies that mutagenicity (existing for all ZINC molecules tested in Preadmet) has a strong dose-effect relationship when it comes to caffeine. In this context, the results of Preadmet and Derek obtained for the tested molecules can be interpreted as a possibility of toxicity depending on the level of consumption or the dose administered, which suggests that mutagenicity for the most promising molecules should be more thoroughly investigated in in vitro and in vivo analyzes, and not taken as conclusive.
Still in Table 11 it is possible to verify the hits related to the toxicity of each molecule. Such as the caffeine that has been shown to be mutagenic and carcinogenic in mice (Preadmet), besides teratogenic and promoter of chromosome damage (Derek), 4 hits of toxicity are predicted. Since the higher the hit value the greater the toxicity, the molecules ZINC08992920 (3 hits) and ZINC08706191 (1 hit and no toxicity alert on Derek) as less toxic in comparison to the other molecules (all with 4 hits). The molecule ZINC08706191 is the best one qualified in respect to toxicity, because there is no carcinogenic risk in both Preadmet and Derek softwares. 
Molecular Docking
Molecular docking allows the collection of data on interactions between ligand and receptor, making possible the selection of the best ligand poses as a function of the lowest free energy which results from that interaction. For the molecular docking step only the molecules ZINC08706191 (1 hit of toxicity) and ZINC08992920 (3 hit of toxicity), classified as less toxic, were selected.
Receptor-ligand Complex
Selection of the receptor-ligand complex Chk1 was performed initially by taking into account the structure of the ligand compared to the xanthine scaffold and size of the ligands (smaller molecules), which resulted in 6 molecules (Fig. 8) .
The results for overlap similarity between the selected binders and caffeine can be seen in Table 12 . Values for overlap similarity attributed to 100% estrogenic contribution (100ste), 100% electrostatic contribution (100elt), 60% steric and 40% electrostatic (60ste/40elt), 40% steric and 60% electrostatic (40ste / 60elt) and 50% of both contributions (50ste / elt), were determined.
The ZYU ligand presented higher values of similarity of overlap with caffeine at the 100ste, 60ste/40elt and 50ste/elt levels (0.8967, 0.6860 and 0.6476, respectively), second higher values of 40ste/60elt (0.6098) and median value for 100elt (0.4818). The closer to 1 the values are, the greater the degree of similarity between the binder and the caffeine. While, in contrast, for smaller values, the greater the degree of structural difference [24] .
The results for overlap similarity allow us to consider the ZYU ligand with a high degree of similarity with caffeine. This ligand complexed to the Chk1 receptor, is available from the PDB code 2WMU, and its IUPAC name is 6-morpholine-4-yl-9H-purine. Fig.  9 shows the overlap of ZYU with caffeine. 
Validation and Molecular Docking
The comparison between the conformations of the crystallographic ligand (complexed with Chk1 and experimental values of crystallography) with the computational data resulting from the redocking (RMSD = 0.570), shows that the parameters used in the docking protocol were representative. RMSD values below the 
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tolerance level of up to 2.0 Å are considered to be of good quality [54, 55] . The alignment between experimental and computational conformations, which qualitatively shows this result, can be seen in Fig. 10 . The interactions resulting from the docking pose of the ZYU with the Chk1 receptor were: two hydrogen bonds with CYS87 and GLU85, and four carbon-hydrogen bonds with CYS87, GLU91, LEU15 and GLY16, in a total of six interactions. Fig. 11 shows the interactions of ZYU with Chk1. The parameters related to the dimensions of the grid box and coordinates of the ligand's center, used in the docking validation, were applied to the reference molecules (caffeine and molecule 03), ZINC08992920 and ZINC08706191. Fig. 12 shows the interactions for individually docked molecules. Caffeine showed two carbon-hydrogen bonds, with GLU85 and CYS87, and a pi-sigma bond with LEU15, with three interactions in total. The molecule 03 showed two hydrogen bonds with CYS87, one carbon-hydrogen bond with TYR86 and two pi-sigma bonds, with LEU137 and LEU15, in a total of five interactions. The molecule ZINC08992920 interacted with the receptor through two hydrogen bonds, with CYS87 and GLU91, one carbon-hydrogen bond with CYS87 and two pi-sigma bonds with LEU137 and LEU15, in a total of five interactions. The molecule ZINC08706191 interacted with two hydrogen bonds with CYS87 and GLU91, one carbon-hydrogen bond with CYS87 and two pi-sigma bonds with LEU15, in a total of five interactions.
Quantitative data of distances and binding free energies (BFE) between the ligands and the Chk1 receptor can be seen in Table 13 . It is possible to verify that, among the reference molecules (caffeine and molecule 03), the increase in the number of interactions resulted in the lowering of free binding energy, which indicates a higher degree of spontaneity of the interactions. This effect is noticeable in molecules ZINC08992920 and ZINC08706191 with five interactions each and smaller binding energies than the reference molecules. Common interactions with the amino acids CYS87 and LEU15 occurred in all molecules analyzed, indicating that they have key importance in the epithelial anticancer activity.
It is noted that the pi-sigma interaction with LEU15 and LEU137 on molecules 03, ZINC08992920 and ZINC08706191, attributed lower BFE to these three molecules when compared to the interactions and BFE of ZYU and caffeine that have no Pisigma interactions with none of these amino acids.
Comparing the molecules ZINC08992920 and ZINC08706191, we can observe the lowering of the free energy of binding (-7.41) in ZINC08706191 that has two interactions with LEU15 in respect to the BFE (-7.13) in ZINC08992920, that has a Pi-sigma interaction with LEU15 and LEU137, indicating that the interaction with LEU15 is a favorable factor for lowering BFE between these two molecules. The pi-sigma interactions have strong hydrophobic characteristic, and when related to favorable entropic factors can promote the lowering of the free energy of ligand-receptor binding [56] .
It is interesting to note that, due to structural similarity, the numerical values of the pharmacophoric characteristics, pharmacokinetics properties and the activity values calculated by the MLR models were similar for the molecules ZINC08992920 and ZINC08706191 (see Table 14 ), which resulted in approximate values of BFE, due to the interactions similarity. Caffeine   Fig. (12) . Interactions between the best screened molecules and the Chk1 receptor calculated by Autodock 4.2.6.
Correlation Between Pharmacophoric Properties, Pharmacokinetics and pICT 50 with BFE
Correlations between pharmacophoric, pharmacokinetic properties as well as the calculated pICT 50 with BFE (Table 14) showed negative values for all analyzed variables, which indicate an inverse proportionality relationship between them and BFE. These results are consistent with the significance of each analyzed variable, which allows us to consider that an increase in the values of the pharmacophoric properties, HIA and PPB promotes increase of the activity and decrease of BFE.
The low correlation with BBB (-0.02) indicates that the value of BFE has no respect to this property, as expected, since this variable is related to CNS side effects, signalizing that molecules ZINC08992920 and ZINC08706191 do not show such effect.
The calculated pICT 50 values and their correlations with BFE for the molecules ZINC08992920 and ZINC08706191, the mono (Eq1) and bi (Eq2) parametric models, with correlations -0.89 and -0.90, respectively, have a higher correlation with the BFE values than the tri (Eq3) and tetra (Eq4) parametric models, which is consistent with the activity observed for these molecules predicted by the mono and bi parametric models.
CONCLUSION
The virtual screening performed here showed reliable results in all its stages. The MLR models built from the pharmacophoric data were classified with excellent statistical quality, due to the high values of R, R 2 , R A 2 and low SEE values, and good statistical significance confirmed by the t-test, with emphasis on the tetraparametric model, considered the best model. The validation of the MLR models indicated excellent predictive power of the models, indicated by the low values of errors in both the predictions for the training set and the test set. These results were also qualified by the good correlations between experimental and calculated pICT 50 values.
The pharmacophore model inserted in the ZINCPharmer webserver aided us to select 350 molecules, and subsequently 24 were selected using the BindingDB by Tanimoto similarity. The low amount of molecules found from the virtual screening in this webserver evidences the quality of the analytical filters used in the screening.
The pharmacokinetic properties indicated in general better results than the reference values and limits available in the literature, with HIA values higher than 90% and PPB (considered prediction errors) within the limits of clinical significance. BBB also indicated good results, where only molecules 03 (reference) and ZINC08990240 showed possible effects on the CNS.
The molecules ZINC08992920 (3 hits of toxicity, with mutagenicity and carcinogenicity alerts) and ZINC08706191 (1 hit of toxicity, only with one mutagenicity alert) presented lower toxicities among all the tested molecules. The attested mutagenicity needs to be better evaluated (in vitro e in vivo tests), because mutagenicity may have an effect depending on the level of consumption or dose of administered substance.
BFE values correlated to the properties analyzed show that BBB has no respect to BFE values, as expected, due to the low BBB values observed and this indicates side effect. High negative correlations between BFE and pharmacophoric properties, HIA, PPB, pICT 50 calculated by Eq1 and by Eq2, indicate that these properties are fundamentally related to the low BFE values.
Results here obtained and discussed, which sought to evaluate the potential epithelial anticancer activity of the screened molecules, allowed us to classify the molecules ZINC08992920 and ZINC08706191 as the best ones along the observed series, and to point to ZINC08706191 (presented minor hit in toxicity) as the best among all. However, these two molecules can subsequently be subjected to further analysis to a better evaluation of their pharmacological potential against epithelial cancer. ETHICS APPROVAL AND CONSENT TO PARTICIPATE Not applicable.
